Abstract-We propose a new technique for analyzing the raw neurogram which enables the study of the discharge behavior of individual and group neurons. It utilizes an ideal bandpass filter, a modified wavelet de-noising procedure, an action potential detector, and a waveform classifier. We validated our approach with both simulated data generated from muscle sympathetic neurograms sampled at high rates in five healthy subjects and data recorded from seven healthy subjects during lower body negative pressure suction. The modified wavelet method was superior to the classical discriminator method and the regular wavelet de-noising procedure when applied to simulated neuronal signals. The detected spike rate and spike amplitude rate of the action potentials correlated strongly with number of bursts detected in the integrated neurogram ( = 0 79 and 0.89, respectively, 0 001).
sometimes called the raw neurogram, is amplified (gain between 1000 and 99 000), bandpass filtered (from 700 to 2000 Hz), and full-wave rectified. At this point the base line noise will often be reduced with a threshold discriminator. The final step is to create the envelope with a first-order resistance-capacitance integrating network with a time constant of 0.1 s. This processed signal is also called the integrated or mean voltage neurogram [1] , [2] . If neural activity is recorded from a nerve bundle which innervates the vessels in the muscle, the particular neurogram is called muscle sympathetic nerve activity (MSNA). Fig. 1 presents the preprocessing steps of MSNA. As shown in this figure, groups of action potentials firing closely together in time in the raw MSNA form bursts in the integrated MSNA. The amount of neural activity is often quantified by counting the number or time rate of these bursts [3] . Other quantification measures include: the estimation of mean burst amplitude [4] , [5] , total burst amplitude, or burst area [6] . These latter measures have their limitation for inter-individual comparisons because the burst magnitudes depend on the number of multiunit fibers the signal has been recorded from and on variable recording conditions (needle position relative to nerves, environmental noise level, and amplifier gain). Thus, normalization procedures have to be applied. Analysis of the raw neurogram itself has now been made possible due to recent advances in high-performance computing hardware. Semi-automated analysis of single-unit action potentials in the filtered neurogram has been implemented successfully [7] [8] [9] . One major challenge to this approach is the detection of low amplitude action potentials in neurograms with high background noise. Recently, wavelet de-noising methods have been developed to reduce background noise with random Gaussian characteristics in physiological and electrical signals, thus improving the signal-to-noise ratio (SNR) [10] , [11] . We propose a new technique for analyzing the raw neurogram which utilizes the wavelet transform and could be implemented on microprocessor boards for data reduction. This wavelet method would enable the study of individual and group neuronal discharge behavior while minimizing the loss of physiological information. It is composed of an ideal bandpass filter, a wavelet de-noising procedure, an action potential detector, and a waveform classifier, Fig. 2 . In this paper, we describe the development and accuracy of this technique and compare it against common methods of analysis.
A. Methods
The technique was developed, tested, and validated in three different phases. We feel it is best to present the work organized into these three phases and then discuss and summarize them in one section. The goals of the three phases are stated below.
In phase I, the goals were to determine 1) the frequency characteristics of the raw neurogram, 2) the optimum sampling rate for acquiring the raw neurogram, and 3) the characteristics of noise in the filtered neurogram.
In phase II, the goals were 1) to create simulated signals consisting of action potential trains with various noise levels, 2) to create three methods for action potential detection, 3) to determine which method yields optimal detection results, and 4) to show that a 5-kHz sampling rate is sufficient for some action potential detection methods.
In phase III, the goals were 1) to demonstrate that direct measures of action potential activity correspond strongly to the presently accepted measures of sympathetic nerve activity and 2) to classify the shapes of the detected action potentials.
All calculations and analyses were performed in the MATLAB analysis environment (The Math Works Inc., Natick, MA) or PV-Wave environment (Visual Numerics, Inc., Boulder, CO).
II. PHASE I

A. Methods
Data Acquisition-Dataset 1: Microneurographic data were acquired from five healthy subjects (three males two females, 27 2 yrs) in resting supine position. The MSNA was recorded from the peroneal nerve at the fibular head. A tapered, insulated tungsten electrode was inserted percutaneously into the sympathetic bundle of the peroneal nerve. The electrode had a 200-m-diameter tip with an un-insulated portion approximately 1-2 m in length (Fredrick Haer & Co., Bowdolnham, ME). A stainless-steel reference electrode was placed subcutaneously about 2 cm from the recording site. Satisfactory placement of the electrode for good recordings of MSNA was insured by adhering to generally accepted criteria described by Sundlof and Wallin [3] .
The neurograms were measured with a nerve traffic analysis system (662C-3, Bioengineering of University of Iowa, Iowa City, IA). It performs the operations shown in Fig. 1 . The raw neurogram is the output of the amplifier (raw MSNA), the filtered neurogram is the output of the bandpass filter with 700 Hz to 2 kHz (filtered MSNA), and the integrated neurogram (integrated MSNA) is the output of the integrator. All signals were digitized at a sampling rate of 47.16 kHz with a data acquisition system (VR-100A, INSTRUTECH Corp., Elmont, New York).
Neurograms of 3-min duration from all five subjects underwent analyses unless otherwise stated.
B. Analyses
Frequency Characteristics of the Raw Neurogram: Baseline signals of 30-s duration in all subjects were analyzed for frequency content. The power spectral density (PSD) of the raw MSNA was estimated by Welch's method [12] . The signals were partitioned into 59 segments, which overlapped by 50%. A Hanning window was applied to reduce the leakage error.
Optimal Sampling Rate: To test for the optimal sampling frequency, the raw MSNA was interpolated to have a sampling rate of 40 000 Hz. Signals with other sampling frequencies were produced by decimating this signal to 20 000, 10 000, 5000, and 2500 Hz. The adequacy of the sampling rate was assessed as follows: first, the signals with lower sample frequencies were interpolated back to 40 000 Hz.; then the squared error between the original signal and interpolated signal was calculated for the measure of adequacy.
Noise Characteristics of the Filtered Neurogram: An amplitude histogram was generated and a Quantile-to-Quantile (Q-Q) plot analysis was performed to determine if the nonperiodic noise in the filtered MSNA had a Gaussian distribution [13] . 
C. Results
Frequency Characteristics of the Raw Neurogram:
The power spectral analysis of dataset 1 showed that 95% of the total power lies within the frequency range between 100 Hz and 2 kHz. However, harmonics of 60 Hz had their maximum power in the lower frequency range and this power decreased dramatically with frequencies above 600 Hz (Fig. 3) . Therefore, a bandpass filter from 700 Hz to 2 kHz would be effective to eliminate power-line noise and limit the bandwidth of the signal.
Optimal Sampling Rate: The average total squared error onestandarderror(s.e.)betweentheoriginalsignalandthesignals interpolated from the lower sampling rates are shown in Table I . Thetotalsquarederrordropssharplyat10kHzandasymptotically approaches zero. Thus, 10 kHz seems to be the optimal sampling rate for representing the amplitude features in the neurogram.
Noise Characteristics of the Filtered Neurogram: A representative result of the Q-Q plot analysis is shown in Fig. 4 . A scaled Gaussian probability density function with the same mean and variance as the noise is superimposed on the histogram of the filtered signal amplitudes. The accompanying Q-Q plot was used to estimate the variance of the noise [13] . The figure illustrates that the lower amplitudes have a Gaussian distribution and, thus, may be considered random noise. The larger signal amplitudes (tails of the histogram) are not fit by the hypothetical Gaussian model and may, therefore, represent the peaks of the action potentials in the neurogram. Thus, the noise has a Gaussian distribution with a variance that can be estimated between the 5th and 95th percentile of amplitudes in the neurograms.
III. PHASE II
A. Methods
Simulated Neurogram: From data set 1 a 1-min segment with high SNR was selected. First, the noise variance was . A straight line suggests a normal distribution [13] . As demonstrated by the good fit of the Gaussian curve in the central region (left) and the alignment of straight portion of the sample quantiles with the ideal Gaussian line (right) the smaller amplitudes of the filtered neurogram appear to be fit well by a Gaussian distribution. However, the larger amplitudes deviate from the Gaussian curve and the straight line of the QQ-plot and, thus, cannot be considered Gaussian noise and are suspected to be parts of action potentials. The variance of the noise can be estimated from the fitted straight line in the Q-Q plot. estimated using a Q-Q plot [13] . Signal amplitudes that exceed four standard deviations of the estimated noise amplitude were then identified as positive or negative action potential peaks. Next, all peaks occurring close in time were connected if they could smoothly form an action potential waveform with two or three phases. The continuity of the signal was validated by manual inspection to insure that the shapes of artificial action potential spikes were similar to the real ones.
Choice of Wavelet: The wavelet types "Daubechies 4" and "Symlet 7" were chosen as candidate wavelets for the de-noising procedure [14] . These wavelets were selected based on their similarity to true action potential waveforms (Fig. 7) .
Wavelet Decomposition and De-Noising: The Mallat algorithm for discrete wavelet transformation was used for fast signal decomposition and reconstruction of the neurogram. A block diagram and short explanation of the algorithm is presented in Fig. 5 . Two de-noising techniques were examined based on the method developed by Donoho [15] , [16] . Both involved thresholding of the detail coefficients. One implemented Donoho's method directly (referred to here as the Regular Method). This procedure assumes that the noise is white and not band-limited. The second algorithm modified the Donoho method to account for the pre-filtering of the neurograms being de-noised (termed the modified method in this paper). The choice of decomposition level and modified threshold formula are also critical factors for the effectiveness of the de-noising procedure which must also be evaluated.
Thresholding and Noise Estimation: The regular wavelet de-noising technique proposed by Donoho [15] , [16] includes a threshold for each decomposition level (1A) is passed through two complementary filters, a high-pass filter (g) and a low-pass filter (h). The filtered signals are subsequently decimated by a factor of 2 to maintain the same number of data points as the input signal. Two sets of DWT coefficients, the low frequency approximation coefficients (a) and high-frequency detail coefficients (d) are the result of these processes. These steps can then be repeated using the approximation coefficients as the input, resulting in another set of approximation and detail coefficients. The original signal can then be reconstructed by reversing the process. Applying a thresholding step prior to reconstruction allows for significant noise reduction.
where is the standard deviation of the Gaussian noise and is the number of samples in the signal. The for each level is estimated as the median absolute value of the wavelet coefficients divided by 0.6745, which is the 75th percentile of the standard normal distribution [15] , [16] . Donoho then used detail coefficients which are modified by soft thresholding (2A) for reconstruction of the de-noised signal [15] , [16] .
The proposed modified de-noising method uses 1) an additional correction factor for the threshold calculation (1B) with estimation of from the Quantile to Quantile plot (Q-Q plot) [13] , and 2) hard thresholding instead of soft thresholding
The best method was determined by 1) adding Gaussian distributed noise of various levels to the simulated signal, 2) applying each method for de-noising, 3) identifying action potentials using a threshold detection method, and 4) calculating correctness of detection. The Gaussian distributed noise was generated within MATLAB using the built-in function to achieve SNRs from 1 to 6. The SNR was defined as the square-root of the ratio between the average action potential height squared and the noise variance.
Detection Performance. We estimated the percentage of correct detection (PCD) as the percentage of correctly detected action potentials with respect to the total number in the simulated signal. We defined the percentage of error (PE) as the percentage of combined false (has no correspondent action potential in simulated signal) and missed (undetected action potentials present in the simulated signal) detections.
Optimal Decomposition Level. After the best method was selected, the optimal decomposition level was chosen by determining which decomposition level yielded the lowest PE.
Comparison of Detection Methods: In order to compare the performance of the two wavelet methods with respect to accepted techniques, a classical discriminator method was implemented to detect the action potentials [17] , [18] . The threshold level was determined by (1B)
Effect of Sampling Rate on the Detection Results: A comparison of the effect of sampling rate on correct spike detection in the nonfiltered raw neurogram was performed with several different detection methods. The previously generated simulated action potential signals with sampling rates of 5000 and 10 000 Hz were again used. Gaussian white noise with variance equal to original noise variance was added to each simulated signal. Action potentials were detected using the modified and classical detection methods.
B. Results
Simulated Neurogram: A segment of the filtered neurogram and its resultant simulated, noiseless action potential signal are shown in Fig. 6 . The simulated signal has the same randomness and clustering of action potentials as that displayed in the original neurogram. Thus, it appears to be a suitable test signal.
Choice of Wavelet: The wavelet type "Symlet 7" has been chosen for all wavelet procedures for two reasons. Initially, it was selected as a candidate because its shape is very similar to that of an action potential spike, as demonstrated in Fig. 7 (upper panel). Symlet 7 also appears to generate de-noised signals which are more like the filtered signal input than those produced by similar wavelets, such as "Daubechies 4" [ Fig. 7  (lower panel) ]. Only the results of wavelet type "Symlet 7" will be shown in Sections III-B-III-IV.
Wavelet Decomposition and De-Noising: Thresholding and Noise Estimation. Fig. 8 shows the PE versus noise variance for the various correction factors tested. For all factors the PE increases as noise variance increases. The PE was lowest over almost the entire range of variances when the factor in (1B) is 0.8. Optimal Decomposition Level. Fig. 9 shows the PE for different decomposition levels. The PE ranges between 10.5% and 14%. The minimum value occurs at a decomposition level of 5.
Comparison of Detection Methods: The two wavelet methods and the classical discriminator method for action potential detection were compared. Fig. 10 shows the results of the two measures used for quantifying the detection performance: PCD versus SNR and percentage of combined false and missed detections versus SNR. For high SNR the PCD for all methods is 100%. With decreasing SNR, the PCD for the classical discriminator method decreases much more than for the other two methods. The PCD of the regular and modified wavelet methods is approximately the same for all SNR's. The real distinction between the performances of the two wavelet methods is demonstrated by the PE criterion. As is typical with all detection schemes, the PE increases as SNR decreases. However, the modified method has a much lower PE for a SNR of 3 or less.
Effect of Sampling Rate on the Detection Results:
The detection performance of the classical discriminator and modified wavelet methods are shown in Tables II and III, respectively. The performances of these methods were evaluated using the PCD and PE of action potentials at 10-and 5-kHz sampling frequencies. Using the classical discriminator method, the PCD decreases significantly and the PE increases significantly when the sampling rate is reduced from 10 to 5 kHz . In contrast, no significant change in performance occurs when the sample frequency is reduced using the modified wavelet method. The data demonstrated that the accuracy of detection with the wavelet method is not affected using sample frequencies at or above 5 kHz.
IV. PHASE III
In the third phase, we validated the modified method against standard methods with data recordings in human subjects under resting conditions and different levels of sympathetic activation induced by lower-body negative-pressure (LBNP) . Our laboratory has a rich library of neurograms from many experiments, including the experiments in the microgravity environment of the space shuttle measured during the NASA Neurolab Spacelab Mission [19] [20] [21] which has been used in part for this paper.
A. Methods
Dataset 2: MSNA from the peroneal nerve were measured on seven healthy subjects (4 males, 3 females 33 3 yrs) in supine position at rest, during LBNP suctions of 15 and 30 mmHg, and then recovery. The measurement sessions lasted 7 mins for each situation. The device for creating LBNP was manufactured by Deutsche Agentur für Raumfahrtangelegenheiten, Germany. The filtered and integrated neurograms, as in Fig. 1 , were measured by a miniaturized nerve traffic analysis system (NASA, Houston, TX) [20] . It has the same hardware specifications as the system used for measuring data set 1. The data were digitized with a resolution of 14 bits and a sample frequency of 5 kHz using the WINDAQ data acquisition system (DI220, DATAQ, Acron, OH).
Integrated MSNA Measures: Burst detection and analysis were performed on the integrated MSNA using software written in our laboratory using PV-WAVE (Visual Numerics Inc., Boulder, CO). Bursts were identified with an automated detection algorithm complete with artifact elimination, dynamic noise level detection, and signal-to-noise estimation. Bursts were accepted if the SNR was 2:1, latency to previous cardiac event was between 1.0 and 1.6 s, and burst width was around 0.3-1.6 s. The detection was verified manually by an experienced microneurographer. The activity in the integrated MSNA was quantified by two accepted measures: burst count during segments of 1 min, termed burst rate; and sum of area under the bursts during segments of 1 min, termed area rate. The segments chosen were the second through fifth minute.
Action Potential Measures: For the same time segments as above, two measures of action potential activity were made in the filtered neurogram. These parameters included the number of action potentials in each minute (the spike rate), and the sum of action potentials amplitudes in each minute (the spike amplitude rate). 
Statistical Comparison of Integrated MSNA and Action Potential Measures:
For each set of measures, cross comparisons were made by calculating the regression lines and computing the Pearson's correlation coefficients. The Fisher z-test was used to test for differences between the correlation coefficients.
Classification Algorithm: An adaptive template classification algorithm was implemented to identify similar waveforms in detected action potentials [23] [24] [25] . The first detected action potential was used as the first template. The following detected action potential was centered relative to the template using the cross-correlation function. At the position of maximum correlation, the sum squared error between newly detected action potential and the template was calculated. If the ratio between the sum squared error and the power of the template was less than 50% and correlation coefficient was greater 0.9, then the action potential was labeled as belonging to that template and the template was updated by averaging the two waveforms. Otherwise, the current action potential was used to create a new template and all subsequent action potentials are compared to each template in the same fashion. The classification was done for all subjects and across all subjects during different physiological conditions.
V. RESULTS
Statistical Comparison of Integrated MSNA and Action Potentials:
For a qualitative comparison, the average burst rate and spike rate for each physiological state were calculated and plotted in Fig. 11 . The trends correspond quite well. The results of the correlation and regression analyses are shown in Fig. 12 where " " is the correlation coefficient and the line shows the linear relationship. All four correlation coefficients were significant for . The detected spike rate and spike amplitude rate of the action potentials correlated strongly with burst rate detected in the integrated neurogram ( and 0.89, respectively, ). The correlation between spike amplitude and burst area rate was stronger than that between spike rate and burst area rate ( versus 0.52, Fisher z-Test, ).
Classified Patterns: The classification algorithm found that most detected action potentials could be described by one of eight major waveshapes. Four of these waveforms are depicted in Fig. 13 and are labeled A through D. The other four waveforms are approximately the mirror inverses of each of these templates. These waveshapes were found in all subjects and in all of the physiological states. The percentages of occurrence are shown in Table IV . Many other classes were generated, but each contained less than 0.6% of the action potentials. These findings imply that eight classes are sufficient to describe 81.2% of all action potential spikes for all subjects, and the other 18.8% of detected action potentials may consist of artifacts or multiple spikes events.
The firing rate of these major waveforms changed with the physiological state, Fig. 13 
VI. DISCUSSION AND SUMMARY
We studied the frequency characteristics of the neurogram using high sampling rates and found that the major physiological information can be found in the frequency range from 100 to 2000 Hz. Due to the monopolar measurement of the neurogram, the signal is susceptible to electromagnetic interference from lighting and AC power, as well as electromyographic activity. Accordingly, bandpass filtering the signal to isolate the frequency range from 700 to 2000 Hz is appropriate to achieve optimal SNRs. This also has been suggested by others [2] . Although this frequency range implies that a sampling rate of 5 kHz should be sufficient according to the Nyquist criterion, we found that 10 kHz was optimal for the signal waveform reconstruction [25] . The finding that the classical discriminator method for detecting action potentials required at least a 10 kHz sample frequency for accurate detection also supported the selection of this high sampling rate. However, when using the modified wavelet method for detection, a sampling rate of only 5 kHz was required. Thus, the wavelet templates may replace some lost information when using data sampled at the lower frequency.
Due to the low amplitude of the neurogram, it can be easily contaminated by background noise. Several existing wavelet de-noising methods were created to operate on similar signals with Gaussian white (uncorrelated) noise, which, by definition, has power at all known frequencies. However, because bandpass filtering of the raw neurogram is necessary to remove a number nonrandom noise sources, the noise becomes bandlimited and the white noise methods do not function well. Therefore, we modified the regular wavelet method for de-noising the raw neurogram by choosing: the wavelet template to be Symlet 7, a decomposition level of 5, a hard thresholding procedure, and a modified threshold level using the noise variance and a correction factor 0.8. We then demonstrated that our modified wavelet method was superior to the classical discriminator method and the regular wavelet de-noising procedure using measures such as the PCD and PE when detecting action potentials. Useful summary measures of action potential activity such as spike rate Fig. 12 . Correlation between parameters derived from the integrated neurogram (number of bursts upper panels, area under the bursts lower panels) and parameters determined from the raw neurogram using the modified wavelet denoising method. and spike amplitude correlated well with commonly used measures of sympathetic activity, which are derived from the integrated MSNA. Therefore, we can conclude that our proposed method is sufficient to evaluate MSNA. Furthermore, the modified wavelet de-noising method could potentially provide a more accurate assessment of the raw MSNA than former methods based on the integrated MSNA because it is not dependent upon signal magnitudes.
This method not only allows for analysis of the rate of occurrence of individual action potentials but also for the classification of their shape. Several action potential waveforms classes have been detected in seven subjects during resting conditions and after application of LBNP. Eight major action potential waveform classes were found to describe more than 80% of all detected action potentials. The defined eight major classes reflected physiological changes of sympathetic activity during pressure changes.
The waveforms found in each of the classes have different peak-to-peak amplitudes and shapes. These disparities can be partially explained by the fact that the neurograms contain discharge activity measured from multiunit neuron groups. In such neuronal groupings, the probability that several neurons can fire at the same time is high, allowing for the superposition of their action potentials. The defined action potential class A in Fig. 13 has the highest peak-to-peak amplitude and long duration, suggesting the involvement of synchronized neurons in the generation of this waveform. Classes C and D had lower peak-to-peak amplitudes, but longer duration, which can be caused by desynchronized firing of more than one neuronal group. The class B waveform has the shortest duration and could possibly be generated by only one neuronal group. The average discharge frequency of class B was 27.4 5.1 spikes min during resting supine position. This firing rate is similar to the reported discharge frequency of 28.2 spikes/min (0.47 Hz) of single vasoconstrictor units [7] , supporting the idea that class B could be generated by only one group of neurons. Surprisingly, the data also showed that the action potential rate in several multiunit recordings might not reflect the amount of sympathetic activity completely. The spike amplitude has been shown to correlate more highly than spike rate to classical measures of sympathetic activity especially to burst rate. Thus, both measures must be taken into account to achieve a more accurate assessment of sympathetic outflow in multiunit recordings.
VII. CONCLUSION
We demonstrated that the proposed analysis of the raw neurogram with a modified wavelet de-noising technique and classification algorithm is a useful tool for accurate detection of action potentials and assessment of sympathetic activity. It opens new possibilities for studying the firing patterns occurring during different stimuli in healthy subjects and patients. The potentials of this technique must be explored in future projects.
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